Introduction {#pbi13170-sec-0001}
============

Hybrid breeding has been proven to be the most effective strategy to improve yield potential for many crops, especially in cross‐pollinated species such as maize, cotton and sorghum (Duvick, [2001](#pbi13170-bib-0011){ref-type="ref"}; Khan *et al.*, [2009](#pbi13170-bib-0016){ref-type="ref"}; Stephens and Holland, [1954](#pbi13170-bib-0027){ref-type="ref"}). Hybrid breeding takes advantage of heterosis (hybrid vigour), which describes a phenomenon where F~1~ hybrids derived from crosses between genetically distinct inbred varieties exhibit superior phenotypic performances over their parents. Superior performances may be indicated by improved function of any biological process in the hybrid offspring (Stuber, [1994](#pbi13170-bib-0028){ref-type="ref"}). The global food crisis has become a serious issue with the sharply increased human population in the world. In the next 20 years, the production of staple cereal grains, including corn, rice and wheat, must be doubled to keep up the pace with the world population growth (Zhao *et al.*, [2015a](#pbi13170-bib-0038){ref-type="ref"}). Hybrid breeding is one of the effective ways to solve the world food crisis. Hybrid rice is a successful example of hybrid breeding, which has the potential of yielding \~20% more than the inbred varieties grown under the same conditions (Tu *et al.*, [2000](#pbi13170-bib-0030){ref-type="ref"}). However, the process of developing rice hybrids is not simple, especially in terms of how to select parents for crosses (Xu *et al.*, [2014](#pbi13170-bib-0037){ref-type="ref"}). It requires an extremely vast resource to evaluate field performances of all possible crosses among a large number of inbred lines (Schrag *et al.*, [2010](#pbi13170-bib-0024){ref-type="ref"}). In general, only a small proportion of crosses can be evaluated in the field and many potential superior crosses may not have the opportunity to be tested. Marker assisted recurrent selection (MARS) is a vital method to identify novel genes and incorporate these genes into the recurrent parents for improvement of target traits (Bernardo, [2008](#pbi13170-bib-0005){ref-type="ref"}; Collard and Mackill, [2008](#pbi13170-bib-0007){ref-type="ref"}). Nevertheless, MARS has shown the weakness of a long selection cycle and inability to capture effects of minor genes. Furthermore, MARS is not the best practical method to develop hybrid crops by incorporating a few major genes or pyramiding several genes. In this context, genomic selection (GS) has paved the way to overcome these limitations using whole‐genome prediction models. GS is a form of MARS in which markers of the whole genome are used to predict the genomic values of individual lines or hybrids and has become an effective tool for plant breeding (Cooper *et al.*, [2014](#pbi13170-bib-0008){ref-type="ref"}; Spindel *et al.*, [2015](#pbi13170-bib-0026){ref-type="ref"}; Zhao *et al.*, [2015b](#pbi13170-bib-0039){ref-type="ref"}). With the development of the next‐generation sequencing technology and the next‐generation phenotypic technology (high throughput phenotyping), GS can be a routine practice in plant breeding (Marulanda *et al.*, [2016](#pbi13170-bib-0020){ref-type="ref"}).

Rice is a strictly self‐pollinated crop and commercial hybrid breeding depends on various types of male sterility systems. In a male sterility system, a male sterile line is incapable of setting seeds through selfing. Therefore, it can be used as the female parent to produce hybrids by receiving pollens from a normal fertile line. It has been a routine procedure to develop new hybrids through testcrosses between one or a few male sterile lines and many elite rice varieties or lines. The best hybrids can be identified based on their performances in experimental fields. The cost of phenotyping is typically high in hybrid breeding due to intensive labour and land use, and thus, development of hybrid rice is difficult. Genomic prediction of hybrid rice is promising because phenotypes of hybrids can be predicted before testcrosses are made and evaluated, which can significantly reduce the cost and labour. In genomic prediction of hybrid rice, models are developed from a training population where phenotypes are measured in the field and genotypes are deduced from their parents. New hybrids from the same set of parents form a test population whose phenotypes are predicted from the models learned from the training population.

Various prediction models for hybrid breeding have been developed, such as the best linear unbiased prediction (BLUP), the least absolute shrinkage selection operator (LASSO), Bayes B and empirical Bayes (Clark *et al.*, [2011](#pbi13170-bib-0006){ref-type="ref"}; Habier *et al.*, [2013](#pbi13170-bib-0013){ref-type="ref"}; Pasanen *et al.*, [2015](#pbi13170-bib-0022){ref-type="ref"}). These methods often have similar performances in terms of prediction ability. However, when the number of markers and the sample size is very large, LASSO and other multiple regression‐based models often fail because these models cannot hold too many effects. The BLUP method is much more superior over the multiple regression‐based methods because markers are only used to infer the covariance structure of the mixed model and effects of these markers are not estimated (Wei and Xu, [2016](#pbi13170-bib-0036){ref-type="ref"}; Xu *et al.*, [2014](#pbi13170-bib-0037){ref-type="ref"}). Bernardo ([1996a](#pbi13170-bib-0003){ref-type="ref"}) applied the BLUP method to predicting single cross performances in maize and greatly enhanced the efficiency of commercial maize breeding programs. Prediction of hybrids has been investigated in rice breeding using BLUP with a marker inferred kinship matrix in place of pedigrees of the hybrids (Xu *et al.*, [2014](#pbi13170-bib-0037){ref-type="ref"}). This proof‐of‐concept study showed that genomic hybrid breeding is very promising and offers an opportunity to solve the above‐mentioned problems in hybrid rice breeding.

In addition to selection of the best models for genomic prediction, selecting training populations is another factor to consider. Hybrids in the training sample should have a diverse genetic background and should be derived from a wide range of different parents. Hybrids to be predicted should be related in some degree to the hybrids in the training sample. Rather than creating a new training sample of hybrids, which can be extremely costly, we can take advantage of the existing hybrids and use them as training populations for prediction. Huang *et al.*([2015](#pbi13170-bib-0014){ref-type="ref"}) evaluated 1495 hybrids (Pop 1) in two field locations for a variety of agronomic traits for association studies and QTL mapping. These hybrids were derived from the crosses of a diverse panel of inbred lines. We took advantage of this hybrid population to perform hybrid prediction using replicated 10‐fold cross‐validations (CV). We then used one data set including 100 hybrids (Pop 2) from a half diallel cross experiment involving 21 parents to validate the prediction abilities of this hybrid population. The results showed good prediction for a number of agronomic traits. Finally, we predicted the performances of 44 636 potential hybrids (Pop 3) in a three‐line mating system obtained from the 3000 Rice Genome Project (Li *et al.*, [2014](#pbi13170-bib-0019){ref-type="ref"}). Superior hybrids were predicted, and these hybrids are ready for field testing. If confirmed in the field by breeders, new hybrid cultivars could be developed relatively easily. A flow chart of GS using these three populations is presented in Figure [1](#pbi13170-fig-0001){ref-type="fig"}.

![Flow chart of GS using the 1495 hybrid population as the training sample.](PBI-18-57-g001){#pbi13170-fig-0001}

Result {#pbi13170-sec-0002}
======

Prediction of a training population containing 1495 hybrids via cross‐validation {#pbi13170-sec-0003}
--------------------------------------------------------------------------------

The average prediction abilities drawn from replicated 10‐fold CV for ten agronomic traits are depicted in the bar‐plots of Figure [2](#pbi13170-fig-0002){ref-type="fig"} along with the square root of estimated heritability. Of the ten traits, seven have relatively high prediction abilities (greater than 0.6), including grain number (GN), 1000 grain weight (KGW), heading date (HD), plant height (PH), panicle length (PL), grain length (GL) and grain width (GW). We also noticed that the prediction ability is roughly proportional in the same direction to the square root of the estimated heritability. Figure [S1](#pbi13170-sup-0007){ref-type="supplementary-material"} shows the plot of predicted phenotypes against the observed phenotypes for all ten traits. Since the prediction abilities of this hybrid population are reasonably high for all traits, we may use this training population to predict hybrids of other populations. To predict future hybrids, we need the estimated parameters from this hybrid population. These estimated parameters include the variance ratio $\hat{\lambda}$ and the population mean $\hat{\beta}$ for each trait. In addition, we also need the kinship matrix calculated from this hybrid population denoted by $K_{11}$. The prediction model also requires users to provide a covariance structure between the future hybrids and the hybrids in this training population denoted by $K_{21}$. The BLUP equation is given in Equation ([13](#pbi13170-disp-0013){ref-type="disp-formula"}) and also presented here to improve the readability,$${\hat{y}}_{2} = E\left( {y_{2}\left| y_{1} \right.} \right) = X_{2}\hat{\beta} + \hat{\lambda}K_{21}{(K_{11}\hat{\lambda} + I)}^{- 1}{(y_{1} - X_{1}\hat{\beta})}$$where ${\hat{y}}_{2}$ represents predicted trait values for future hybrids and *y* ~1~ represents the trait values for the 1495 hybrids in this training population. The variance ratios ($\hat{\lambda}$) and the population means ($\hat{\beta}$) for all ten traits of the current hybrid population are given in Table [S1](#pbi13170-sup-0007){ref-type="supplementary-material"}. The kinship matrix *K* ~11~ is given in Data [S1](#pbi13170-sup-0001){ref-type="supplementary-material"}. To calculate *K* ~21~, users need to use their own SNP data that match the 102 795 SNPs of the current hybrid population.

![Estimated broad‐sense heritability and prediction ability for ten traits of the 1495 hybrid population. Heritability is defined as the genetic variance estimated from the ANOVA divided by the total phenotypic variance. Prediction ability is defined as the correlation between the predicted and observed trait values obtained from 10‐fold CV (replicated ten times).](PBI-18-57-g002){#pbi13170-fig-0002}

Independent validation from hybrids of a half diallel cross experiment {#pbi13170-sec-0004}
----------------------------------------------------------------------

We predicted 100 hybrids grown in Wuhan from a half diallel cross experiment using the pooled phenotype of 1495 hybrids of the training population for six traits. The prediction abilities for the six traits are 0.542, 0.616, 0.544, 0.580, 0.916 and 0.866, respectively, for YD, GN, KGW, PH, GL and GW. Plots of the predicted trait values against the observed trait values are shown in Figure [3](#pbi13170-fig-0003){ref-type="fig"}. We also predicted the 100 hybrids using the phenotypic data in Sanya and Hangzhou, separately. The predicted phenotypes of the hybrids and the heritability are given in Data [S2](#pbi13170-sup-0002){ref-type="supplementary-material"} and Table [S2](#pbi13170-sup-0007){ref-type="supplementary-material"}, respectively. The prediction abilities of the additive model using the phenotypic values collected from Hangzhou were higher than those using the phenotypic values measured from Sanya. The better prediction from Hangzhou was due to the fact that the photoperiod and temperature of Wuhan are similar to Hangzhou because they are located in the same latitude. However, the best prediction occurred when the pooled phenotypes of the two sites were used. The 21 parents of the diallel crosses, including 10 *Geng* (*japonica*) rice and 11 *Xian* (*indica*) rice, were not included in the parents of the 1495 hybrids; yet the prediction abilities were reasonably high for most of the traits. We concluded that the 1495 hybrid population may be used for prediction of hybrids derived from other inbred lines.

![Plots of predicted phenotypes against observed phenotypes of 100 hybrid rice from the half diallel cross experiment. The training sample is the 1495 hybrid population. The six panels represent plots of six traits (YD, GN, KGW, PH, GL and GW) where *Geng* is colour coded in red and *Xian* is colour coded in blue.](PBI-18-57-g003){#pbi13170-fig-0003}

Prediction of potential hybrids of 3000 germplasms {#pbi13170-sec-0005}
--------------------------------------------------

For 3000 germplasms, there are 3000 (3000 − 1)/2 = 4 498 500 potential hybrids. However, we only predicted 44 636 hybrids that are possibly grown in the field for commercial release because one parent of each hybrid of this kind is a maintainer line (see Materials and methods). The predicted phenotypes of these hybrids were given in Data [S3](#pbi13170-sup-0003){ref-type="supplementary-material"} using the average phenotypic values of the training population collected in two locations (Hangzhou and Sanya). The phenotypic values of these potential hybrids predicted from the hybrids evaluated in Hangzhou and Sanya are given in Data [S4](#pbi13170-sup-0004){ref-type="supplementary-material"} and [S5](#pbi13170-sup-0005){ref-type="supplementary-material"}, respectively. Information relevant to the 3000 germplasms is given in Data [S6](#pbi13170-sup-0006){ref-type="supplementary-material"}.

Although yield is the ultimate goal for improvement in hybrid breeding, it is not the only criterion to judge a hybrid. Other traits should also be considered in hybrid breeding. Therefore, we proposed a selection index to be considered as the criterion of hybrid breeding. The index is a linear combination of predicted values of all traits, each having a unique weight, as shown below,$$I_{j} = \sum\limits_{k = 1}^{10}{w_{k}{\hat{y}}_{\mathit{jk}}^{\ast}}$$where *I~j~* is the selection index score for individual *j*, *w~k~* is the economic weight for the *k*th trait for *k* = 1,2,...,10 (there are ten traits included in the index) and ${{\hat{y}}^{\ast}}_{\mathit{jk}}$ is the standardized predicted value for trait *k* from the *j*th individual hybrid. To avoid duplicated usage of correlated traits, we divided nine traits (excluding yield) into three groups: the first group contained four yield components (PN, GN, SSR and KGW); the second group contained PL, GL and GW; and the last group contained HD and PH. Among the nine traits, the correlation coefficient between PL and PH is greater than 0.5 (Table [S3](#pbi13170-sup-0007){ref-type="supplementary-material"}), and this is the only trait pair with such a high correlation. All other correlations are below 0.5. Since the correlations are in general not high, we included all the ten traits in the selection index. The weights for the ten traits are$$w = \lbrack 0.4\, 0.1\, 0.1\, 0.1\, 0.05\, 0.05\, 0.05\, 0.05\, 0.05\, 0.05\rbrack$$corresponding to the following order, YD, PN, GN, SSR, KGW, HD, PH, PL, GW and GL. Note that each weight is defined as a proportion. The weights were suggested by Zhao for rice breeding (Zhao *et al.*, [2015a](#pbi13170-bib-0038){ref-type="ref"}). YD alone was weighted by 40%, all four yield components (PN, GN, SSR and KGW) accounted for 35%, the three grain quality traits (PN, GW and GL) were weighted by 15%, and the remaining two traits collectively took the remaining 10% (Zhao *et al.*, [2015a](#pbi13170-bib-0038){ref-type="ref"}). For example, if the standardized predicted phenotypic value of YD of a particular hybrid is two, then the weight for YD should be 0.4 × 2 = 0.8. Adding the remaining nine traits the same way leads to an index value for a specific hybrid, we call this index value the breeding index (BI). Based on BI, we selected the top 200 and bottom 200 hybrids as candidates for evaluation in the future. We conducted a principal component analysis (PCA) for all the 44 636 predicted hybrids using the ten traits (predicted trait values) included in the index. The 3D plots of the first three principal components of the 44 636 × 10 data matrix showed clear separation of the two tails (Figure [4](#pbi13170-fig-0004){ref-type="fig"}). We then presented boxplots for each trait in the selected top 200 and bottom 200 hybrids. The boxplots showed that all the ten traits and the BI were significantly different between the top and bottom predicted hybrids (Figure [4](#pbi13170-fig-0004){ref-type="fig"}c).

![PCA plots and boxplots of selected hybrids. Panel (a): Eigenvalue plotted against the number of principal components for 10 predicted trait values from all 44 636 predicted hybrids (a 44 636 × 10 data matrix); Panel (b): 3D plot of the first three principal components of the 44 636 × 10 data matrix, where the best 200 and the worst 200 hybrids are colour coded blue and yellow, respectively; Panel (c): The differences between the top 200 hybrids and the bottom 200 hybrids for ten predicted traits and the BI.](PBI-18-57-g004){#pbi13170-fig-0004}

Dominance and G × E interaction for prediction of the 1495 hybrids {#pbi13170-sec-0006}
------------------------------------------------------------------

We extended the additive model by incorporating dominance to form an additive and dominance (A‐D) model. We also extended the basic additive model to incorporate genotype by environment interaction (G × E) to form a G × E model. The A‐D and G × E models are described in Notes [S1](#pbi13170-sup-0007){ref-type="supplementary-material"} and [S2](#pbi13170-sup-0007){ref-type="supplementary-material"}, respectively, where the G × E model uses a linear kernel (GBLUP) adopted from Cuevas et al. (Cuevas *et al.*, [2016](#pbi13170-bib-0009){ref-type="ref"}). Figure [5](#pbi13170-fig-0005){ref-type="fig"}a compares the prediction abilities of the additive model with the A‐D model for all ten traits of the hybrid population. Prediction abilities of the A‐D model were not significantly different from the additive model, that is we did not observe any expected improvement of the A‐D model over the additive model. Five of the ten traits showed slight improvement of the A‐D model, while the other five traits showed the opposite. The estimated variance components from the A‐D model are presented in Table [S4](#pbi13170-sup-0007){ref-type="supplementary-material"}. Figure [5](#pbi13170-fig-0005){ref-type="fig"}b compares prediction abilities of the ten traits for the two locations separately and also jointly incorporating G × E interaction. To our surprise, the G × E model did not improve the prediction ability at all when compared with environment specific predictions. For some traits, for example YD, the G × E model actually decreased the prediction ability in both Hangzhou and Sanya, although the amount of decrease is barely noticeable.

![Prediction ability of different models. Panel (a): Prediction ability for ten traits of the rice population with 1495 hybrids under the additive and additive and dominance (A--D) models. Panel (b): Prediction ability of the G × E interaction model compared with environment specific prediction for ten agronomical traits.](PBI-18-57-g005){#pbi13170-fig-0005}

Discussion {#pbi13170-sec-0007}
==========

Prediction of potential hybrids of three‐line system from the 3000 germplasms {#pbi13170-sec-0008}
-----------------------------------------------------------------------------

We used the 1495 hybrids of Huang *et al.*([2015](#pbi13170-bib-0014){ref-type="ref"}) as the training population to predict potential hybrids of three‐line system of the 3000 lines from the 3K Rice Genome Project (Li *et al.*, [2014](#pbi13170-bib-0019){ref-type="ref"}; Wang *et al.*, [2018](#pbi13170-bib-0035){ref-type="ref"}). These potential hybrids may be directly applied to the three‐line hybrid breeding system depending on the availability of the fertility restoring genes in their male parents. We predicted the performance of a potential future population using the average phenotypes of hybrids in the training population evaluated in two environments. Results of prediction using the phenotypic values of individual environments separately were also conducted. The prediction ability using the Hangzhou phenotypic data was slightly higher than that using the Sanya phenotypic data, but neither one was better than that using the pooled phenotypic data (Figure [S2](#pbi13170-sup-0007){ref-type="supplementary-material"}). Based on the results of prediction from the pooled data, the selected top 200 and bottom 200 hybrids should be field evaluated in a future experiment. With the three‐line hybrid breeding system, we can only use inbred lines that have fertility restoring genes as the male parents to predict the hybrid progenies. Although this project is a pilot study attempting to predict potential hybrids of the three‐line breeding system in rice, the prediction model should be applied to hybrid breeding in all crops.

Relationship between the training population and the test population {#pbi13170-sec-0009}
--------------------------------------------------------------------

Conventional hybrid prediction requires that predicted hybrids must be related in pedigree to hybrids in the training sample (Massman *et al.*, [2013](#pbi13170-bib-0021){ref-type="ref"}; Speed and Balding, [2015](#pbi13170-bib-0025){ref-type="ref"}). When the pedigree relationships between the two sets of hybrids are unknown, Bernardo ([1996b](#pbi13170-bib-0004){ref-type="ref"}) proposed to use markers to estimate their relationships and then use BLUP to perform GS. This approach is later referred to as GBLUP by VanRaden ([2008](#pbi13170-bib-0031){ref-type="ref"}). The BLUP equation given in Equations ([10](#pbi13170-disp-0010){ref-type="disp-formula"}) and ([13](#pbi13170-disp-0013){ref-type="disp-formula"}) shows that a non‐zero *K* ~21~ matrix is required. In the conventional BLUP, *K* ~21~ = 0 if the two sets of hybrids are not genetically related. In genomic BLUP, however, *K* ~21~ is essentially an identical by state matrix, which is never zero. This explains why GS using BLUP remains efficient for prediction of seemingly unrelated hybrids (de los Campos *et al.*, [2013](#pbi13170-bib-0010){ref-type="ref"}). Wang *et al.*([2014](#pbi13170-bib-0034){ref-type="ref"}) applied cross‐validation to calculate prediction ability under the situation where the predicted population is unrelated to the training population. In their study, the prediction ability was much higher when the training population was related to the test population than that when the two sets were not related. However, they only used 1048 diversity array technology markers in their analysis, and the training population size was very small. In our study, we used the 1495 hybrid training sample of Huang *et al*([2015](#pbi13170-bib-0014){ref-type="ref"}) to predict 100 hybrids derived from an entirely different set but much more diverse parents and showed reasonable prediction ability. We treated the 1495 hybrids as a general training population to predict any future hybrids from any sources, especially the hybrids from *Xian‐Xian* crosses. It is widely recognized that the prediction ability of hybrids could be improved depending on the pedigree relationship between the training and test populations. However, using this generic training population of hybrids for genomic hybrid breeding is a very cost‐effective approach. Without this hybrid population, people would have to design a new cross experiment to generate a new training population with common parents shared by hybrids. Therefore, a general training population with diverse genetic backgrounds will be the key to predict hybrids in the future.

Prediction ability and selection response {#pbi13170-sec-0010}
-----------------------------------------

In the quantitative genetics theory, selection response is determined by heritability and selection intensity, as expressed in the breeders' equation, *R* = *h* ^2^ *iσ*, where *h* ^2^ is the heritability, *i* is the selection intensity and *σ* is the phenotypic standard deviation of the trait under consideration. Thus, we can achieve a high response to selection for a low heritability trait with an extremely high selection intensity. The heritability of yield in our 1495 hybrid training population is about 0.16, and the square root of the heritability is $\sqrt{0.16} = 0.4$. This root heritability should be compared with the prediction ability in GS. The prediction ability for yield does not seem to be high. However, we should be able to achieve a high gain by taking advantage of the high selection intensity. For example, the potential hybrids of the 3000 germplasms represent a hybrid population of 3000 (3000 − 1)/2 = 4 498 500. Selection of a few hybrids from this large pool means an extremely high selection intensity. Even though we only have a pool of 44 636 hybrids that are realistically selectable, they still represent a large base for GS. Therefore, genomic hybrid breeding is a very promising tool to improve grain yield in hybrid breeding of rice as well as other crops. Compared to GS using random populations where parameters have to be retrained in every few generations of selection to capture the changes of genetic parameters due to selection, genomic hybrid breeding is a one‐time event once a hybrid is identified, genomic hybrid breeding is done. Therefore, hybrid breeding is expected to benefit significantly from GS.

Identification of fertility restoring genes {#pbi13170-sec-0011}
-------------------------------------------

In this study, the top 200 predicted hybrids are derived from crosses between 17 maintainers and 61 other inbred lines. Of the 61 inbred lines, Minghui63 is the only elite rice restorer line that is known to carry a cloned restore gene complex *Rf1* on chromosome 10. Thus, to make use of the top 200 predicted hybrids in a three‐line hybrid breeding program, one must make sure all the 61 inbreds except for Minghui63 have restorer genes. In this respect, it is known that the *Rf1* complex consists of two genes named as *Rf1a* and *Rf1b*, while *Rf1b* is due to an amino acid alternation of Ser‐to‐Asn caused by a G‐to‐A variation responsible for fertility restoration (Akagi *et al.*, [2004](#pbi13170-bib-0001){ref-type="ref"}). When examining the genomic sequences of the remaining 60 inbred lines, we also found that three lines contain the *Rf1b* gene. In addition to the *Rf1b* gene, there are 6 additional restore genes that have been cloned, including *Rf1a*, *Rf2*, *Rf4*, *Rf6*, *OsHXK6* and *GRP162* (Fujii *et al.*, [2014](#pbi13170-bib-0012){ref-type="ref"}; Kazama and Toriyama, [2014](#pbi13170-bib-0015){ref-type="ref"}; Wang *et al.*, [2006](#pbi13170-bib-0033){ref-type="ref"}). Technically, molecular markers tightly linked to the six restore genes can be used as probes to test their existences in the rest of the inbred lines. If these restore genes are not carried by these lines, they can be easily imported by transgenic technology or by marker assisted through backcross breeding. With the available genome sequences and the pan‐genome data of the 3000 rice genomes (Sun *et al.*, [2017](#pbi13170-bib-0029){ref-type="ref"}; Wang *et al.*, [2018](#pbi13170-bib-0035){ref-type="ref"}), identification of the restorer genes in the parental lines of the top 200 hybrids is straightforward and no longer a limitation to apply our GS results to developing superior new rice hybrid cultivars of rice.

Materials and methods {#pbi13170-sec-0012}
=====================

Genetic material {#pbi13170-sec-0013}
----------------

### Training population of hybrids {#pbi13170-sec-0014}

Three populations of rice were used in this project. The first one (Pop 1) is a training population that includes 1495 hybrids evaluated by Huang *et al.*([2015](#pbi13170-bib-0014){ref-type="ref"}). Among the 1495 hybrids, 1361 hybrids were developed from the crosses between 288 male sterile lines and 621 restorer lines, and the rest have no pedigree information. Ten agronomic traits were investigated. They are yield (YD), PH, HD, panicle number per plant (PN), PL, grain number per panicle (GN), grain weight per 1000 grains (KGW), seed setting rate (SSR), GW and grain length (GL). The field experiments were conducted in the summer of 2012 in Hangzhou and in the winter of 2012 in Sanya. All the 1495 hybrids were grown on the farmland with well‐distributed soil status and uniform condition. Each hybrid was planted in a four‐row plot with six individuals in each row at a spacing of 20 cm × 2.6 cm in Hangzhou and 20 cm × 23 cm in Sanya. At maturity, three to five uniform plants in the middle of each plot were harvested to measure the ten agronomic traits. Of the 1495 hybrids, 1170 were generated from the three‐line mating system and the remaining 325 hybrids were bred from the two‐line mating system. The three‐line mating system contains cytoplasmic male sterility (CMS or A line), maintainer (B line) and restorer lines (R line). An A line is always multiplied by crossing with its B line. An R line possesses dominant fertility genes. When crossing to the A line, the R line restores fertility in the derived hybrids (see Figure [S3](#pbi13170-sup-0007){ref-type="supplementary-material"}). The two‐line mating system is also called environment sensitive genic male sterility. In this system, the male sterility condition depends on the interaction between the nuclear genes with an environmental factor such as photoperiod, temperature or both. The male sterility lines are multiplied by planting these lines in the environment that is conducive for inducing fertility. Hybrid seeds are produced by planting these lines in the environment that is conducive for inducing complete male sterility.

### Validation population of hybrids from diallel crosses {#pbi13170-sec-0015}

The second test population (Pop 2) is a hybrid population including 210 hybrids which was derived from a half diallel cross experiment involving ten *Geng* rice and 11 *Xian* rice varieties (see Table [S5](#pbi13170-sup-0007){ref-type="supplementary-material"}). After removing 110 hybrids from the crosses between *Xian* and *Geng*, we only predicted 100 hybrids because these are within subspecies crosses that are practical in hybrid breeding. The field experiment was carried out in the summer growing seasons of 2013 on the Experimental Farm of Huazhong Agricultural University, Wuhan, China. The field planting followed a randomized complete block design with two replications (blocks). Each plot consisted of four rows with 10 plants per row, where the F~1~ hybrids were planted in the middle two rows and the two parents of the F~1~ hybrid were planted in the two peripheral rows. Seedlings of 30 days old were transplanted to the field, with a layout of 16.7 cm between plants within a row and 33.3 cm between rows. The field management followed the normal agricultural practice. Only eight plants in the middle of each row were used for phenotyping, and the plot mean was calculated and eventually used as the observed phenotypic value for the hybrid. Six traits were measured from the two replicated experiments. This population was used to test the prediction abilities for the training population of 1495 hybrids (the very first population). The six traits are YD, GN, KGW, PH, GL and GW. The average trait values of the two replicates (sites) were used as the phenotypic values for comparison with the predicted values. The prediction ability from this test population was defined as the correlation between the observed and the predicted phenotypic values for the trait of interest. The number of SNPs identified in the 21 parents was two million based on the version 7 map of *Geng* Nipponbare.

### Potential hybrid population to be predicted {#pbi13170-sec-0016}

The third population (Pop 3) is the one released by the 3K Rice Genome Project (Alexandrov *et al.*, [2015](#pbi13170-bib-0002){ref-type="ref"}). The 3000 germplasm accessions include 2466 accessions from the International Rice Gene Bank Collection at the International Rice Research Institute and 534 accessions from the China National Crop Gene Bank at the Institute of Crop Science, Chinese Academy of Agricultural Sciences. The 3000 rice accessions were collected from 89 countries and consist of two major groups *Xian* and *Geng*, a small group of intermediate varieties, and two small varietal groups aus/boro and aromatic basmati/sadri. Among the 3000 accessions, 27 varieties are maintainer lines. Of the remaining 3000 − 27 = 2973 lines, 58.2% are *Xian*, 27.9% are *Geng*, 9.4% are aromatic basmati/sadri and the last 4.5% are the intermediate type (see Figure [S4](#pbi13170-sup-0007){ref-type="supplementary-material"}). This population was used to generate potential hybrids for prediction.

Rice is a self‐pollinated crop, and there are no hybrids occurring in nature. To commercially develop hybrid rice, breeders rely on a three‐line mating system or a two‐line mating system. These systems depend on male sterile lines who can only accept pollens from other lines. There are no male sterile lines in the 3000 rice accessions. Since the nuclear genomes of the sterile lines and the maintainer lines are the same, we choose maintainer lines from the 3000 rice accessions as pseudomale sterile lines to infer the genotype of potential hybrids. Genotypes of the potential hybrids of the maintainer lines and conventional lines were deduced from the parental genotypes and then used to predict the phenotypic values. Of the 3000 accessions, 27 varieties are maintainer lines (23 *Xian* rice, three *Geng* rice and one intermediate type; see Table [S6](#pbi13170-sup-0007){ref-type="supplementary-material"}). Not all potential crosses of the maintainer lines with the conventional lines will be realistically developed in the field. Therefore, we did not predict the crosses of *Xian* × *Geng*; instead, we only predicted the crosses of *Xian × Xian*, *Geng × Geng*, intermediate type × *Xian* and intermediate type × *Geng*. There are a total of 23 × 1720 = 39 560 potential hybrids from *Xian × Xian*, 3 × 839 = 2517 potential hybrids from *Geng × Geng* and 1× (1720 + 839) = 2559 potential hybrids from intermediate type× (*Xian + Geng*), resulting in a total of 39 560 + 2517 + 2559 = 44 636 potential hybrids to be predicted.

Since no phenotypic values were collected from these potential hybrids, we were not able to test the prediction abilities of our models from this population. However, the top and bottom predicted hybrids in yield out of the 44 636 potential hybrids may be field evaluated in the future. If confirmed, the best top hybrids may be further tested in a large scale before released as new hybrid varieties. Field evaluation is beyond the scope of this study and will be deferred to a future project.

SNP calling and genotype coding {#pbi13170-sec-0017}
-------------------------------

The training population of 1495 hybrids was sequenced on Illumina Hiseq 2000 at twofold genome coverage, and 96‐bp paired‐end reads were generated. The raw sequence data set of the 1495 hybrids and the 1.6 million SNPs reference of the version 6 of *japonica* Nipponbare were released by Huang *et al.*([2015](#pbi13170-bib-0014){ref-type="ref"}) in the rice haplotype project database. We downloaded the 2 TB raw sequence data of the 1495 hybrids and used version 7 of genomic pseudomolecule of *Geng* Nipponbare as the reference genome to call the SNPs. We did not use the reference of version 6 because sequences released by the 3000 Rice Genome Project were in version 7. This forced us to recall all SNPs from this updated version of reference. The version 7 genome of the *Geng* Nipponbare was downloaded from the website of Rice Genome Annotation Project (<http://rice.plantbiology.msu.edu/annotation_pseudo_current.shtml>). The downloaded paired‐end reads of all the hybrid rice accessions were aligned against the reference genome using the BWA software with the BWA‐MEM algorithm (Li and Durbin, [2009](#pbi13170-bib-0018){ref-type="ref"}). For analysis of the 96‐bp reads, the BWA‐MEM algorithm is faster and more accurate than the other two algorithms within the BWA software package. The SNPs were identified using the SAMtools and BCFtools software packages. The alignments were done with a mapping quality ≥40, and the bases were called with a quality ≥20 when we identified the SNPs using SAMtools with the parameters ‐q20 ‐q40 of the subcommand mpileup. Overall, 1.6 million SNPs were called. The identified SNPs were further filtered by BCFtools. Only SNPs with the average depth (the overall depth divided by the number of varieties) for an individual being between 0.8 and 2.5 and the missing value of SNPs ≤25% were kept, leaving 232 935 SNPs in the data. Of the 232 935 SNPs, 201 756 overlap with SNPs of the 3000 germplasms whose potential hybrids were used for prediction.

There are 6.9 million SNPs for the 3000 germplasm accessions released by the 3K Rice Genome Project (Alexandrov *et al.*, [2015](#pbi13170-bib-0002){ref-type="ref"}; Li and Durbin, [2009](#pbi13170-bib-0018){ref-type="ref"}). These SNPs were called based on version 7 of the reference genome *japonica* Nipponbare. Among the 6.9 million SNPs, 201 756 of them overlap with the SNPs in the training population of 1495 hybrids (Table [S7](#pbi13170-sup-0007){ref-type="supplementary-material"}). These shared SNPs were converted into the BEAGLE (version 4.1) input file for imputation of missing SNPs. After screening for rare alleles with the MAF \> 0.1 criterion, only 102 795 SNPs left in the data, which were used to generate potential hybrids of relevant varieties for GS.

The 102 795 common SNPs shared by both the training population and the predicted population were used to develop the prediction model and to predict phenotypes of potential hybrids in 3K rice genome programme. The genotypes of SNPs were coded by −1 for one homozygote, 0 for the heterozygote and 1 for the other homozygote. For example, if *A* ~1~ is the reference allele and *A* ~2~ is the alternative allele, there will be three possible genotypes, *A* ~1~ *A* ~1~, *A* ~1~ *A* ~2~ and *A* ~2~ *A* ~2~, whose numerical codes are −1, 0 and 1, respectively. Theoretically, all the 3000 germplasms should be homozygous at every locus and thus their potential hybrids should be coded the same way as we coded the genotypes for the 1495 hybrids in the training population. However, we occasionally encountered some heterozygotes in the 3000 germplasms, which led to uncertain genotypes of a potential hybrid. For example, when the mating type for the locus of interest was *A* ~1~ *A* ~1~ × *A* ~1~ *A* ~2~, the hybrid was then coded as (−1+0)/2 = −0.5. Similarly, when the mating type was *A* ~2~ *A* ~2~ × *A* ~1~ *A* ~2~, their hybrid was then coded as (0+1)/2 = 0.5. When the mating type was *A* ~1~ *A* ~2~ × *A* ~1~ *A* ~2~, their hybrid was coded as (−1+0+0+1)/4 = 0. In summary, the genotype of a potential hybrid can take the following numerical values: −1, −0.5, 0, 0.5 and 1, depending on the mating types of the parents.

Statistical model for prediction {#pbi13170-sec-0018}
--------------------------------

The BLUP method was used to perform prediction. The linear mixed model that includes all *m* markers is$$y = X\beta + \sum\limits_{k = 1}^{m}{Z_{k}\gamma_{k}} + \varepsilon = X\beta + \xi + \varepsilon$$where *y* is an *n *× 1 vector of the phenotypic values of a quantitative trait measured from *n* individuals, *X* is a design matrix with rank *q* for all covariates, *β* is a vector of effects for the covariates (non‐genetic effects), $Z_{k} = \left\{ Z_{\mathit{jk}} \right\}$ is an *n* × 1 vector of genotype codes for marker *k* for individual *j*, *γ~k~* is the additive effect of marker *k* and *ε* is an *n* × 1 vector of residual errors with an assumed *N*(0,*Iσ* ^2^) distribution. The numerical code for individual *j* at locus *k* is defined as *Z~jk~* = −1 for *A* ~1~ *A* ~1~, *Z~jk~* = 0 for *A* ~1~ *A* ~2~, and *Z~jk~* = 1 for *A* ~2~ *A* ~2~. Assume that all marker effects follow a normal distribution with zero mean and a common variance, $\gamma_{k}\& x007E;N{(0,\phi^{2}/m)}$, for all *k* = 1,2,...,*m*, where *ϕ* ^2^ is an unknown polygenic variance. ξ is *n* × 1 vector of polygenic effect. When there is no other covariate except the intercept, *X* is an *n* × 1 vector of unity and *β* is simply a scalar of intercept. The expectation of *y* is *E*(*y*) = *X β* and the variance of *y* is var(*y*) = *V*, where$$V = \sum\limits_{k = 1}^{m}{Z_{k}Z_{k}^{T}\phi^{2}}/m + I\sigma^{2} = K\phi^{2} + I\sigma^{2} = {(K\lambda + I)}\sigma^{2}$$with$$K = \frac{1}{m}\sum\limits_{k = 1}^{m}{Z_{k}Z_{k}^{T}}$$being a marker inferred kinship matrix and $\lambda = \phi^{2}/\sigma^{2}$ is the variance ratio. The restricted log likelihood function for parameter $\lambda$ is$$L{(\lambda)} = - \frac{1}{2}{\ln|V|} - \frac{1}{2}\ln{|X^{T}V^{- 1}X|} - \frac{1}{2}{(y - X\beta)}^{T}V^{- 1}{(y - X\beta)}$$where$$\beta = {(X^{T}V^{- 1}X)}^{- 1}{(X^{T}V^{- 1}y)}$$and$$\sigma^{2} = \frac{1}{n - q}{(y - X\beta)}^{T}V^{- 1}{(y - X\beta)}.$$

After absorbing *β* and *σ* ^2^, the restricted log likelihood is only a function of *λ*. The Newton method of iteration was used to find the restricted maximum likelihood estimate of *λ*. To improve the computational speed, we also adopted the eigenvalue decomposition algorithm (Wei and Xu, [2016](#pbi13170-bib-0036){ref-type="ref"}) for evaluation of the likelihood function.

Once parameters were estimated from the training population, they were used to predict the phenotypic values of the test population. Let *n* ~1~ and *n* ~2~ be the population sizes of the training and test populations, respectively. Let us also partition the phenotypic values into an *n* ~1~ × 1 vector *y* ~1~ for the training population and an *n* ~1~ × 1 vector *y* ~2~ for the test population. The polygenic effects and residual errors are also partitioned accordingly. The partitioned model is$$\begin{bmatrix}
y_{1} \\
y_{2} \\
 \\
\end{bmatrix} = \begin{bmatrix}
{X\beta_{1}} \\
{X\beta_{2}} \\
 \\
\end{bmatrix} + \begin{bmatrix}
\xi_{1} \\
\xi_{2} \\
 \\
\end{bmatrix} + \begin{bmatrix}
\varepsilon_{1} \\
\varepsilon_{2} \\
 \\
\end{bmatrix}$$where$$E\begin{bmatrix}
y_{1} \\
y_{2} \\
 \\
\end{bmatrix} = \begin{bmatrix}
{X\beta_{1}} \\
{X\beta_{2}} \\
 \\
\end{bmatrix}$$and$$\text{var}\begin{bmatrix}
y_{1} \\
y_{2} \\
 \\
\end{bmatrix} = \left\lbrack \begin{array}{l}
{K_{11}\; K_{12}} \\
{K_{21}\; K_{22}} \\
\end{array} \right\rbrack\phi^{2} + \left\lbrack \begin{array}{l}
{I\; 0} \\
{0\; I} \\
\end{array} \right\rbrack\sigma^{2}.$$

Note that the *K* matrix has been partitioned into 2 × 2 blocks with *K* ~11~ being the kinship matrix for the training sample, *K* ~22~ being the kinship matrix for the test population and $K_{21} = K_{12}^{T}$ being the kinship between hybrids in the test population and hybrids in the training population. The BLUP of hybrids in the test population is expressed as$${\hat{y}}_{2} = E\left( {y_{2}\left| y_{1} \right.} \right) = X_{2}\hat{\beta} + \hat{\lambda}K_{21}{(K_{11}\hat{\lambda} + I)}^{- 1}{(y_{1} - X_{1}\hat{\beta})}.$$

If *y* ~2~ are observed, we can then calculate the prediction ability as the correlation coefficient between *y* ~2~ and ${\hat{y}}_{2}$ as expressed below$$r_{y_{2}{\hat{y}}_{2}} = \frac{\operatorname{cov}(y_{2},{\hat{y}}_{2})}{\sqrt{\operatorname{var}{(y_{2})}\operatorname{var}{({\hat{y}}_{2})}}}.$$

We proposed to use the 1495 hybrids of the training population to predict 44 636 potential hybrids from 3000 rice accessions of the 3K genome project. In this case, *y* ~1~ represents the phenotypic values of the 1495 hybrids, *y* ~2~ represents the phenotypic values of the 44 636 hybrids, *n* ~1~ = 1495, *n* ~2~ = 44 636, *K* ~11~ is a 1495 × 1495 matrix, *K* ~22~ is a 44 636 × 44 636 matrix and *K* ~21~ is a 44 636 × 1495 matrix.

We also considered a model incorporating dominance effects, called the additive and dominance (A‐D) model (Vitezica *et al.*, [2013](#pbi13170-bib-0032){ref-type="ref"}). Details of the A‐D model are provided in Supplementary Note S1. The two locations (Hangzhou and Sanya) allowed us to investigate a G × E interaction model (Cuevas *et al.*, [2016](#pbi13170-bib-0009){ref-type="ref"}). Therefore, we performed prediction separately for each environment and also jointly by incorporating the G × E interaction effects using the GBLUP model adopted from Cuevas *et al.*([2016](#pbi13170-bib-0009){ref-type="ref"}). Details of the G × E model are provided in Note [S2](#pbi13170-sup-0007){ref-type="supplementary-material"}.

K‐fold cross‐validation {#pbi13170-sec-0019}
-----------------------

Prediction ability of a method for a particular trait can be obtained from cross‐validation (Kohavi, [1995](#pbi13170-bib-0017){ref-type="ref"}). The most commonly used cross‐validation is the K‐fold cross‐validation where the sample is partitioned into k roughly equal sized parts. Each part is predicted using parameters estimated from the other *K* − 1 parts (sample excluding the part to be predicted). Eventually, all parts are predicted using samples that exclude the parts to be predicted. We often choose *K* = 10 and thus call the method a 10‐fold cross‐validation (Figure [S5](#pbi13170-sup-0007){ref-type="supplementary-material"}). In a 10‐fold cross‐validation for the 1495 hybrids, each part contained roughly 150 hybrids. Since the prediction ability drawn from the 10‐fold cross‐validation depended on how the ten parts are partitioned, we replicated the cross‐validation experiment ten times and each time the sample was partitioned differently. The average prediction ability for each trait was reported. The prediction ability was calculated as the Pearson correlation coefficient between the observed and predicted phenotypic values.

Heritability estimation from a completely randomized block design of experiment {#pbi13170-sec-0020}
-------------------------------------------------------------------------------

Broad‐sense heritability, *albeit* not used in genomic prediction, was estimated for 10 traits of the 1495 hybrid population using the conventional method of analysis of variance under a completely randomized block design (CRBD) with the two locations treated as two blocks. The linear model for the CRBD design is$$y_{\mathit{jk}} = \mu + \alpha_{j} + \beta_{k} + \varepsilon_{\mathit{jk}}$$where *y~jk~* is the phenotypic value of the trait of interest of the *j*th hybrid measured from the *k*th location for *j* = 1,2,...,*n*, *k* = 1,2 and n = 1495, *µ* is the grand mean, *α~j~* is the genetic effect of the *j*th hybrid, *β~k~* is the effect of the *k*th block and *ε~jk~* is the residual error (may contain a G × E interaction effect) with an assumed $N(0,\sigma_{E}^{2})$ distribution. This is a mixed model with *β~k~*treated as a fixed effect and *α~j~* as a random effect following a $N(0,\sigma_{G}^{2})$ distribution for all *j* = 1,2,...,*n*. The broad‐sense heritability is defined as$$h_{\text{broad}}^{2} = \frac{\sigma_{G}^{2}}{\sigma_{G}^{2} + \sigma_{E}^{2}}.$$

The two variance components were estimated from variance component analysis presented in Table [S8](#pbi13170-sup-0007){ref-type="supplementary-material"} using the VARCOMP procedure in SAS (SAS Institute, 2009).
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